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Abstract
An accurate quantification of the right ventricular function is important to support the
evaluation, diagnosis and prognosis of several cardiac diseases, as well to complement the
analysis of the left ventricular function. Traditionally, this quantification is performed by
the manual delineation of the right ventricle (RV), a time consuming task that introduces
high inter and intra observer variability. Different semi-automatic and fully-automatic a-
pproaches have been proposed to delineate the RV. Nevertheless, most of these methods, e.g
multi-atlas strategies and approaches with training of parameters, are strongly dependent
on RV shapes present in the training set utilized. This thesis presents a fully automatic seg-
mentation strategy of the RV in MRI-cardiac sequences to quantify cardiac patterns. Unlike
multi-atlas methods, the proposed strategy estimates the RV using exclusively information
from the sequence itself. The core of this work is a spatio-temporal analysis that is per-
formed by using a motion descriptor and anatomical heart information, taking advantage of
natural heart dynamic. This strategy was improved from two perspectives: 1) by introducing
a prior regularizer term that smooths the obtained delineation and 2) by propagating the
spatio-temporal segmentation from the basal slice to apex using a non-rigid registration. The
proposed approach achieves an average Dice Score of 0.78 evaluated in a set of 48 patients.
Keywords: Right ventricle segmentation, local motion model, structural infor-
mation, non rigid registration, cardiac patterns
Resumen
Una precisa cuantificacio´n de la funcio´n ventricular derecha es importante para soportar la
evaluacio´n, diagno´stico y progno´stico de varias enfermedades card´ıacas, como tambie´n para
complementar el ana´lsis de la funcio´n ventricular izquierda. Tradicionalmente, esta cuantifi-
cacio´n se realiza mediante la delineacio´n manual del ventr´ıculo derecho (VD), una tarea que
consume tiempo e introduce gran variabilidad inter e intra observador. Diferentes enfoques
semi y totalmente automa´ticos han sido propuestos para delinear el VD. No obstante, la
mayor´ıa de estos me´todos, por ejemplo estrategias multi-atlas y enfoques con entrenamiento
de para´metros, son fuertemente dependientes de las formas del VD existentes en el conjunto
de entrenamiento utilizado. Esta tesis presenta una estrategia de segmentacio´n totalmente
automa´tica del ventr´ıculo derecho en secuencias de resonancia magne´tica card´ıacas para
cuantificar patrones card´ıacos. A diferencia de me´todos multi-atlas, la estrategia propues-
ta estima el VD usando exclusivamente informacio´n de la misma secuencia. El centro de
este trabajo es un ana´lisis espacio-temporal que se lleva a cabo mediante un descriptor de
7movimiento y la informacio´n anato´mica del corazo´n, aprovechando la dina´mica natural del
corazo´n. Esta estrategia fue mejorada desde dos perspectivas: 1) introduciendo un te´rmino
regularizador previo que suaviza la delineacio´n obtenida y 2) propagando la segmentacio´n
espacio-temporal del corte basal hacia al a´pex usando un registro no r´ıgido. El enfoque
propuesto logra un Dice Score promedio de 0.78 evaluado en un conjunto de 48 pacientes.
Palabras Clave: Segmentacio´n del ventr´ıculo derecho, modelo de movimiento
local, informacio´n estructural, registro no r´ıgido, patrones card´ıacos
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1 Introduction
Cardiovascular diseases (CVDs) are one of the principal causes of death and disability
wide world [25]. For a long time, the MRI left ventricular quantification has been at the
very base of the the heart function evaluation since it results relatively easy to determine
cardiac patterns. Recently, an accurate assessment of the right ventricle (RV) has been
acknowledged to play a key role as a diagnostic and prognostic indicator of several car-
diac pathologies, complementing thereby the classic analysis of the left ventricular function
[56, 33, 59, 22, 52, 19, 54, 24, 69, 29, 7, 77, 71, 1]. Currently, this assessment is performed
by quantifying the right ventricle function during a Cardiac Magnetic Resonance Imaging
(CMRI)[4, 73, 26, 21] serving as a powerful prognostic marker of a variety of cardiovascular
diseases. Such modality provides a good characterization of wall motion analysis, myocardial
tissue morphology, ventricular function, blood flow estimations and also an accurate cham-
ber volume quantification of the heart [23, 57, 59, 19]. Furthermore, CMRI is non-invasive
and does not use ionizing radiation [38].
Several estimates are considered when analysing the RV function, such as the RV Ejection
Fraction (RVEF), the diastolic/systolic volumes and the Tricuspid annular plane systolic ex-
cursion (TAPSE) [70, 32, 72, 74, 45, 80, 60, 61, 58, 34]. These analyses demand an accurate
3D temporal Endocardium and Epicardium segmentations. Typically, such task is carried
out by expert cardiologists who may take 18.9 ± 4 min to manually delineate a case [59],
introducing another step in the analysis workflow and a high inter-and-intra observer varia-
bility [11, 10]. It is then reasonable that automatic segmentation methods become appealing
to efficiently obtain more accurate temporal-segmentation of the RV. However, several cha-
llenges arise because of both the complex shape geometry of the RV, mainly in the basal-apex
direction, and the complicated motion pattern. Additionally, the thickness of right ventri-
cle wall, its fuzzy edges and also the high inter- and intra-patient RV anatomical variation
dependent on factors such as age, cardiac pathology or gender, among others, strongly diffi-
cult the accurate RV tracking and contour estimation (see Figures 1-1, 1-2, 1-3) [43, 59, 11].
The main contribution of this work is a fully automatic method that segments the RV
based on a spatio-temporal characterization to quantify several cardiac patterns. By using
only motion and anatomical observations, this approach allows an appropriate quantification
of the cardiac patterns without depending on the nature of the cardiac pathology, gender
or other factor of variability. The rest of this document is organized as follows: Chapter 2
briefly describes the right ventricular patterns and their clinical importance in several cardiac
pathologies and a general description of the main methods of segmentation used for the
quantification of these RV patterns. Chapter 3 highlights the approach proposed in this thesis
for the quantification RV patterns. Chapter 4 contains the academic products, illustrating
3Figure 1-1: Cardiac variability. Different slices of a patient (A) at the same time in the
cardiac cycle.
the papers with the description of the methodology and results of proposed strategies in this
thesis. Finally, in Chapter 5 some conclusions and perspectives are presented.
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Figure 1-2: Cardiac variability. Inter patient variability illustrated for the same slice of
different patients (A,B,C,D, ...).
5Figure 1-3: RV fuzzy edge variability. The thickness of the right ventricle wall and the RV
fuzzy edges.
2 Cardiac patterns from RV analysis
Heart analysis in CMRI is typically carried out by computing the temporal morphometrical
changes of the left ventricle structure. However, this analysis results incomplete to identify
some specific pathology or to determine the level of heart disease. Recent studies have shown
the importance of the RV analysis to diagnose several cardiac pathologies, a study that also
can be used as a prognosis factor, in many cases complementing the classical LV evaluation
[32].
RV patterns are measured principally by anatomical delineation of the whole CMRI se-
quences (e.g Figure 2-1), allowing to support clinical diagnosis and prognosis of some cardiac
diseases.
A clinical evaluation of the RV function establishes a set of classical measurements, such as
the RV Ejection Fraction (RVEF) and the diastolic/systolic volumes. These measurements
are correlated with the RV dysfunction and may be associated to dynamic or structural
abnormalities. They have been useful to predict the atrial fibrillation (AF) [32]. These
measurements allow to quantify a RV failure, case in which the dynamic is altered by a
progressive functional and structural disorders [32, 74, 44, 63, 46, 31, 28]. The relevance of
the quantification of these cardiac patterns from the RV analysis is described in Section 2.1
and the current methods used in this quantification is presented in Section 2.2.
2.1 Relevance of right ventricular patterns in clinical
analysis
Several cardiac pathologies where the RV functional quantification is essential, are hereafter
described:
• Congenital Heart Disease (CHD) is an anatomical cardiac defect presents at birth.
Such pathology is principally diagnosed by quantifying the RV volume, which also is
indicator of a pulmonary insufficiency [17, 67].
• Pulmonary Hypertension (PH) is a pathology characterized by abnormal high
pressure in the lung arteries, causing a RV hypertrophy [53, 55, 75, 12, 2], with a
mortality rate between 60% to 70% in the untreated patients. This pathology is usually
managed with the pulmonary artery pressure and ejection fraction, independently of
the left ventricular function.
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Figure 2-1: From top to bottom, panels correspond to views of the basal (top row) and
apical RV (bottom row). From left to right, the whole cardiac cycle is displayed
for the three transversal views: the first panel represents the End of Diastole,
the mid panel the End of Systole and the last panel, again the End of Diastole
• The RV valvular heart disease is the failure of one of the RV valves, typically
characterized by abnormal performance of the tricuspid or pulmonary valves. This
pathology is quantified by the RV fractional area change (RVFAC) and the right ven-
tricular myocardial performance (RVMPI) [56].
• The heart failure (HF), the myocardial infarction (MI) and other ischemic heart
diseases, hypertension, valvular heart disease and cardiomyopathy are associated with
a high heart strain [74]. Several studies show that the RVEF is a measure well co-
rrelated with the short-term prognosis, which together with the LV measures provide
assessment strategies to suggest heart transplantation. Other studies conclude that
the RV function is an independent mortality predictor [16, 80].
• Idiopathic dilated cardiomyopathy (IDC) refers to an unknown condition that
affects the systolic and diastolic ventricular function and ends up by a heart failure
with a predominant LV dysfunction. The IDC is becoming the most common type
of heart muscle disease in children, whereby the LVEF and RVEF are complementary
survival predictors after a heart transplant [40, 27].
• RV Myocardial Infarction (RVMI) is exceptional and often considered as an ex-
tension of the left ventricular myocardial infarction [37, 48]. The RV Ejection Fraction
(RVEF) is a well known measurement, not only well correlated with diagnosis and
prognosis of the heart disease, but also associated to different levels of risk. Likewise,
a RVEF quantification before a MI is an important prognosis indicator in elderly pa-
tients, a 50% of patients with inferior MI also present a RV ischaemia, whereby this
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Figure 2-2: Short axis CMRI of the right ventricle. The End of Diastole at the left panel while the End of Systole is
depicted at the right panel. Red and green contours correspond to the epicardium contour and endocardium,
respectively.
analysis can help to better manage such patients and anticipate or prevent complica-
tions [41, 36].
• The left ventricle dysfunction is in some cases the cause of RV dysfunction, a
sign whose measurements have demonstrated to be a correlated predictor of the illness
evolution in most ischaemic and non-ischaemic cardiomyopathies [40, 59, 32]. The LV
function significantly affects the right ventricular systolic function and the RV pressure
or volume overload which in due turn can affect the LV function, resulting in chronic
obstructive pulmonary disease, PH, atrial septal defect or even an increased risk of
death in the event LV dysfunction after MI.
2.2 Description of methods used in the quantification of
RV patterns
RV patterns such as RVEF is quantified by assessing of RV volumes. For doing so, the RV
endocardium contour is segmented at End of Diastole and End of Systole during a CMRI
(see Figure 2-2). Nowadays, several RV segmentation approaches have been proposed. In
this document, four groups of automatic and semi-automatic RV segmentation methods
were organized (see Figure 2-3). Typically, state-of-the art strategies somehow use a priori
information o tuning parameters to obtain accurate segmentations [59]. These groups of
methods are briefly described hereafter:
2.2.1 Statistical shape models
Statistical shape models (SSM) typically build up a shape prior using statistical models,
which is matched with a new CMRI by adapting a likelihood function. Two important
approaches that include geometrical and texture information are principally reported un-
der the SSM framework: Active Shape Models (ASM)[15] and Active Appearance Models
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Figure 2-3: Main approaches for segmenting the right ventricle. Methods as Active Shape Models (ASM), Active Appea-
rance Models (AAM) constitute main statistical shape models. Atlas-based strategies provide a structural-
temporal segmentation of the heart by mapping the most similar shape from a training database to a CMRI
target. And the other hand, deformable methods include segmentation using a prior deformation to the new
CMRI, modeled as energy minimization problem such as Active contours, Level sets and Graph cuts. Other
approaches describes the tuning of parameters using only appearance features and the tracking the right
ventricle boundary motion over cardiac cycle combing both spatial and temporal features.
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(AAM)[14].
Active Shape Models (ASM) build a statistical geometrical prior model of a particular
shape using a set of landmarks from a training set of aligned samples, as in Figure 2-2 where
the RV epicardium and endorcardium contours are shown. Then, the statistical shape model
is built by determining the mean shape (Equation 2-1) and a number of spectral variations
(Equation 2-2), usually computed from a principle component analysis (PCA) [39].
X¯ =
1
s
s∑
i=1
Xi (2-1)
X¯ =
1
s
s∑
i=1
Xi, S =
1
s− 1
s∑
i=1
(Xi − X¯)(Xi − X¯)T (2-2)
This representation allows to approximate any sample X as a linear combination of the first
c spectral variations as X = X¯+
c∑
m=1
bmφm, where φm corresponds to the directions of larger
variance of a deformable model and bm to the projections inside [−3
√
λm,+3
√
λm], that
ensure the similarity of the shape generated to those in the original training set, and λm are
the respective spectral magnitudes (eigenvalues).
Active Appearance Models (AAM) includes in the shape model formulation texture in-
formation. Similarly to the ASM, in AAM any sample shape can be approximated using the
modes of variation found with a PCA x = xˆ + Psbs. In the construction of the gray-level
appearance statistical model, AAM matches the landmarks with the mean shape to warp
the sample upon the region defined by the mean shape, using the grey level information gim.
The sample is normalized to minimize the effect of global variation using g = (gim − β1)/α,
where β and α are tuning parameters to better match the grey level information. The modes
of variation of the gray-level g = gˆ + Pgbg are obtained by a simple PCA. The importance
of AAM is that it describes the statistical variations in both shape and texture [14], unlike
ASM, it allows to use the available grey level information, making more robust than ASM
[13].
Once the statistical model is obtained, a likelihood function is used as a distance metric and
in case of ASM, this function matches the shape model to the target image by minimizing the
distance between them. In contrast, in AAM the likelihood function minimizes the distance
between the target image and the appearance model (containing both shape and texture
models). This matching is an iterative process, using a local search for estimating better
positions and updating the model parameters to the new found positions.
The use of AAM allows to perform a good RV tracking, however solutions may easily be
trapped in local minima, while there exists a high risk of over fitting by the high AAM
2.2 Description of methods used in the quantification of RV patterns 11
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Figure 2-4: Atlas-based segmentation approach. A new image (MRI test) searches the most
similar image among a set of shapes An (Atlas) previously labelled by using
a Similarity Measure. The most similar (An) image from Atlas is non-rigidly
registered to the MRI test and the transformation resulting of this process is
applied to the label Ls associated a As to obtain the final segmentation (Ltest)
of the new image.
dimensions [59]. ASM finds good local features, however it requires a good initialization
since it can not be guaranteed that different initializations converge to the same solution
[78]. The use of a strong prior based on a statistical model can overcome segmentation
problems as the gray level variations around the RV. Nevertheless, the variability given by
the initial data and the composition of the training set are two main factors that affect the
data approximation for each possible RV shape, in case of ASM. On the other hand, the risk
of overfitting may appear due to the high AAM dimensions [59].
2.2.2 Atlas-based strategies
Atlas-based approaches provide structural-temporal segmentations of the RV by the propa-
gation of the most similar atlas from a training database to a CMRI target. Given an atlas,
an image can be segmented using a registration process [68, 59]. The general idea, as shown
in Figure 2-4, is to register the atlas-image In to a subject image, usually using more than
one atlas and selecting the most similar, under a similarity metric F , and to deform the RV
volume by a transformation T .
Several approaches use anatomical atlas with non-rigid registration (NRR) [79], and the
segmentation is obtained by the matching the atlas or model and a new individual using
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NRR, under any elastic deformation. Lorenzo-Valde´s et al. [47] construct an anatomical
atlas of the RV and LV using RV and LV delineations of normal subjects. NRR maximizes
the similarity between an atlas label and a target, similarity defined as a normalized mutual
information of the alignment between the RV volume and the target.
Although these approaches report a relatively accurate segmentation, these methods are
computationally expensive and most of them require dedicated hardware, a very difficult
issue in a clinical environment. Likewise, the success of atlas or multi-atlas approaches de-
pends on a number of samples that counts for the large RV variability. For instance, Zuluaga
et. al [81] propose a multi-atlas strategy based on an exhaustive non rigid registration of
a set of templates to the new image, under a similarity criterion of convergence. However,
this method is limited by the variability of the different shapes in the set of atlases and the
high computational cost. Additionally, Bai et. al [3] proposed an atlas-based approach with
a prior introduced as a probabilistic fusion of previously segmented hearts that is used to
regularize the rigid non registration of any heart in the database. The obtained model is of
course dependent of the type of organs stored in the database.
2.2.3 Deformable methods
This approach starts by iteratively changing the RV shape prior to match an specific target
according to a set of MR image observations. In this case, the problem is addressed as
an energy minimization problem, adding an anatomical constraint such as a distance to
a reference shape prior. The different shapes can be represented as Snakes [42] or as 3D
Morphable Model (3DMM) [5], case in which the statistical information is used as prior
knowledge. The energy minimization is defined in terms of internal and external energies,
where the prior knowledge represents the internal energy and the external energy is given
by the motion of the model to match the data. The internal energy models the resistance of
the shape to be moved far away from the prior knowledge. Therefore the optimal solution is
given by the equilibrium of the internal and external energies. In other words, a model M
has to be deformed to better match a data set D. The optimal model M∗ (Equation 2-4)
should converge to the minimum energy functional E (Equation 2-3).
E[M ] = Eext[M,D] + Eint[M ] (2-3)
M∗ = arg min
M
E[M ] (2-4)
Active Contour Model
Also introduced as snakes [42], given a deformable model M and a parametrized surface, the
idea is to segment the RV shape in a MR image D by fitting the surface to the RV shape
boundaries. The external energy measures the snake efficiency to matching the boundaries
(Equation 2-5).
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Eext[M,D] = Eext[v, I] =
∫ 1
0
I(v(s))ds (2-5)
In equation 2-5, v : R2 → [0, 1] is a fitting parametrization of the surface M and I : R2 → R
corresponds to the edges of the input observation D. The fact that the surface remains
smooth is given by the internal energy, expressed by the equation 2-6, where α and β control
the weight of the first and second derivative.
Eint[M ] = Eint[v] =
(
α(s)|v′(s)|2 + β(s)|v′′(s)|2) /2 (2-6)
Level set representation for surfaces
Unlike snakes, for which a surface M is represented as a parametric surface, level sets smartly
solve the problem of multiple topologies, that is to say when two curves are supposed to fuse
or split apart. Since a snake consists basically of a set of points associated to a curve, the
rule to include new points or get rid of some of them leads to major instabilities. Likewise,
snakes are constrained by second or fourth order restrictions, with the consequent limitation
to segment regions with large discontinuities. In contrast, a level set [9] is a much simpler
solution since a contour is represented as the zero level set of an auxiliary function φ (Equa-
tion 2-7) that can be the distance function to the model M , therefore contours represented
by level set can break apart or join without being parametrized resulting in a representation
more topological flexibility.
M = {φ = 0} (2-7)
Graph cut
The theory of graph cuts [20] allows to find an optimal segmentation solution, through of
a process of partitioning a directed or undirected graph into disjoint sets. Given a graph
G = {V,E,W}, where V denotes the nodes, E the edges and W the affinity matrix that
associates a weight to each edge. Fulfilling the constraint of the Equation 2-8, a cut on a
graph is defined as a partition of V into the subsets A and B (Equation 2-9). The degree
of dissimilarity between these two pieces can be computed as the total weight of the edges
that have been removed.
A ∪B = V, A ∩B = ∅ (2-8)
cut(A,B) =
∑
u∈A,v∈B
w(u, v) (2-9)
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Figure 2-5: Segmentation of a 3× 3 image. Edge thickness corresponds to the associated edge weight
The term of energy is given by Equation 2-10, which searches a label f that assigns to each
pixel p ∈ P a label fp ∈ L that minimizes E(f). Esmooth penalizes, using a cost function,
adjacent pixels with different labels, while Edata measures the difference between f and the
observed data.
E(f) = Esmooth(f) + Edata(f) (2-10)
These active contours and other methods of deformable models are computationally ex-
pensive and their performance in noisy conditions is not recommended. However these
approaches use the temporal dimension to segment the RV borders along a complete car-
diac cycle, very helpful to investigate in more details cardiac deformations and heart strain
[59]. Grosgeorge et. al [30] propose a semi-automatic approach that uses a statistical PCA
shape model to select the best representative of the database. The obtained delineations
are then used to generate the best segmentation by using a graph cut method. Besides,
semi-automatic methods introduce intrinsic expert variability, for instance, Maier et. al [50]
proposes a method based on the propagation of an initial segmentation at the End of Diastole
to the End of Systole using a region-merging graph cut that is sequentially eroded.
2.2.4 Motion and appearance-based strategies
This group describes segmentation methods from several applications not properly used to
segment, as in the previous groups. These strategies allows to use the dynamic of the heart,
as the main biormarker in cardiology, allowing by itself an appropriate assessment of cardiac
function [64]. Furthermore, this approach also it is complemented with the heart shape
information to segment the RV.
Appearance-based strategies
In this approach, it is used only spatial information of the heart to obtain the RV shape. For
doing so, several shape features are extracted such as: heart contour by using edge filters
and heart shape by using thresholding algorithms. Canny and Sobel filters obtain a good
extraction of the heart edges, while Otsu, isodata algorithms and binary difference of Gau-
ssian filters allow a good approximation of the heart shape by splitting tissue to highlight
the LV and RV regions. Furthermore, the morphological operations allow to refine these
regions by filtering particles. Others features are extracted such as the mean and variance,
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texture and 2D curvature values.
Once the shape information is obtained, these features are combined together to define the
RV shape in iterative processes. Whereas other approaches use these features to train a
classifier that serves to identify pixels are RV or background and then this information is
used in some segmentation method, i.e graph cut, to obtain the final RV shape.
Motion and appearance fusion
The main advantage of this approach is the use of only spatial and temporal observations
without a priori information, that easily adapts to the variability of any RV shape. The mo-
tion information allows to track the RV boundary motion over cardiac cycle and also serves
to define a coarse segmentation of the heart. For example, Figure 2-6 shows the tracking of
RV volume in the time of a patient with some indication of cardiac disease. This pattern is
similar in the LV volume and also in normal patients and patients with some indication of
cardiac disease [26].
Figure 2-6: Volume, in milliliters, of the RV volume over the cardiac cycle obtained from
manually delineated cardiac boundaries of a patient with indication of cardiac
disease
The motion information can be computed by using different methods, however, in this do-
cument only two methodologies are described because of their simplicity as they do not
assume any relationship between adjacent images. The first method is the Difference of
Frames (DoF) [76], defined as:
D(x, y, t) = |I(x, y, t)− I(x, y, t− k)| (2-11)
where I(x, y, t) is the intensity of each pixel at location x, y at frame t, k is the selected
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time interval among frames to compare. Then, the pixels with major change are selected by
using a threshold τ : D(x, y, t) > τ .
The second method is the traditional background subtraction algorithm [62]. Detecting the
foreground objects as the difference between the current frame and an image of the static
background (Equation 2-12).
|framet − backgroundt| > τ (2-12)
The background is modelled at each pixel location based on the recent history of the pixel.
Such history can be just the previous frames, a weighted average or other.
And the other hand, the appearance information from 2.2.4 is fused with the previous motion
information to refine the obtained coarse segmentation and to set the RV shape.
Ringenberg et. al [66] proposed an appearance-based segmentation as a difference of gau-
ssians combined with a window-constrained accumulator thresholding technique. In this
work, a large number of parameters must be tuned and is also affected in the presence of
variable pathologies like fallot tetralogy, where the RV shape significatively changes. The
method by Mahapatra et. al [49] extracts semantic information from a trained Random
Forest classifier, which is also dependent on the training dataset. Wang et. al [76] have
segmented the target using an isodata algorithm. This region-based segmentation is com-
plemented with a basic motion estimation by intersecting consecutive frames. This basic
motion estimation nevertheless fails at the apex regions.
3 Quantification of cardiac patterns
using a spatio-temporal analysis of the
RV
This thesis proposes the quantification of cardiac patterns from the assessment of RV volumes
by using only the motion and anatomical information of the heart, without depending on
of any a priori information. In cardiology, the heart motion is considered as the principal
biomarker of the cardiac function [64]. Under such assumption, a cardiac motion is estimated
by a per-pixel motion descriptor, which is fused with low level features such as edges and
classical shape features to obtain an appropriate RV segmentation.
3.1 Motion information
The motion information is computed by using a motion descriptor. This descriptor starts
by finding a set of motionless MRI pixels, i.e., a relatively static background, defined as:
Mt(x) = Mt−1(x) + sgn(It(x)−Mt−1(x)) (3-1)
where Mt(x) represents the accumulated temporal average and It(x) the frame at time t for
each pixel x. A function ∆t(x) measures the instantaneous motion between two consecutive
frames as
∆t(x) = |Mt(x)− It(x)| (3-2)
and a coarse RV shape segmentation is defined as the set of pixels for which ∆t(x) is close
to a cumulative variance:
Vt(x) = Vt−1(x) + sgn(N ∗∆t(x)− Vt−1(x)) (3-3)
Provided that at the End of Systole (ES), the heart contraction is maximum and the motion
variance is minimal, a coarse ES RV segmentation is estimated by a simple comparison of
the instantaneous motion ∆t(x) with a learned scalar threshold τ .
Classically, local motion descriptors [51] are usually unidirectional recursive algorithms, but
in this case the first iteration yielded a very blurry estimation of the heart contour at the
End of Diastole (ED). As the recursive accuracy depends on the captured motion history,
the descriptor is herein bidirectionally run, i.e., forward and backward as
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Figure 3-1: Three dimensional view of the heart. Right ventricle is shown in red and left
ventricle in blue. Slices in the basal-apex direction.
BSt(x) = αB̂St
(D,S)
(x) + (1− α)B̂St
(D,S)
(x) (3-4)
where α is an important parameter defined as
t
N
and N is the number of frames. Isolated
regions are clustered and corrected by using classical morphological operators. This segmen-
tation allows also to define a Region of Interest (RoI) that consistently surrounds the heart
(see Figure 3-2).
3.2 Anatomical information
The spatial information is obtained by constructing a complementary heart shape approxi-
mation, using exclusively spatial observations. Within the RoI, heart ventricles are estimated
from two complementary measurements: a global shape clustering and an edge extraction.
Firstly a global shape description of the ventricles was herein obtained by a classical isodata
algorithm [65] that is used to separate the intensities corresponding to the myocardium and
the cardiac chambers. The cardiac wall or myocardial tissue is segmented and therefore the
right and left heart chambers serve as a reference frame of the right and left ventricles. On
the other hand, ventricle edges are estimated from the MRI RoI by using a conventional
Canny filter [8]. In the apical slices however, while the LV is still differentiable, RV edges
are very blurred (as shows Figure 2-1). Overall, edges in apical slices are considered as
part of the LV. Estimations of RV edges are performed from the previous motion estimation
provided that such edge is not already part of the previously defined LV edges.
Using this spatio-temporal analysis, three strategies are described in Chapter 4 to segment
the whole RV shape. Once the RV delineation is obtained, volumes and Ejection Fraction are
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(a) MRI pat 7 (b) ∆t pat 7 (c) Vt pat 7 (d) MD pat 7
(e) MRI pat 30 (f) ∆t pat 30 (g) Vt pat 30 (h) MD pat 30
,
Figure 3-2: Motion descriptor from two patients at the ED. Upper row illustrates patient
7 and bottom row, patient 30. MD: Motion descriptor.
(a) Edges pat 7 (b) Isodata pat 7
(c) Edges pat 30 (d) Isodata pat 30
Figure 3-3: Spatial information of the ED from two patients. Upper, patient 7 and bottom
row, patient 30. Isodata: Heart shape from Isodata algorithm.
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Figure 3-4: Illustration of Dice Score (left) and Hausdorff distance (right) metrics.
estimated. To evaluate the performance of these strategies were used the metrics described
in Section 3.3.
3.3 Evaluation metrics
A brief overview of the measurements used to evaluate the performance the RV segmentation
strategies are described in the following subsections. This evaluation is carried out by com-
paring the obtained RV contour automatically against the RV contour delineated manually
by an expert from two point of view: technical and clinical performance. The technical
performance includes Image-based similarity measurements such as the Dice Score (DSC)
and Hausdorff distance (HD) based on the ED and ES myocardial volumes. And the clinical
performance includes the assessment of RV cardiac patterns: ED and ES volumes, ejection
fraction (EF) and ventricular mass.
3.3.1 Technical performance
The obtained RV segmentation at ED and ES are evaluated using the classical Dice Score
(DSC) [18] and the Hausdorff distance (HD) [35]. The DSC is defined as
DSC(A,B) =
2(AB)
A+B
(3-5)
that measures the overlapping between the obtained segmentation A and the ground truth
B. On the other hand, the HD establishes the compactness of the obtained segmentation as
HD(A,B) = max
a∈A
min
b∈D
‖a− b‖22 (3-6)
Figure 3-4 shows a briefly illustration of these metrics.
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3.3.2 Clinical performance
The following cardiac patterns are indicators of the global RV function:
• ED and ES volumes (EDV and ESV)
These measurements indicate the amount of blood in the RV at ED and ES states.
Volume are calculated respectively at each time of cardiac cycle by summing all 2D
RV areas and multiplying by the space between slices adjacent, in this case is equal to
8.4 mm for all patients from the dataset utilized 1. Milliliters (ml) are used as unit of
measure for volumes.
• Ejection fraction (EF)
This is an important cardiac pattern of heart health. EF is a percentage of blood that
is pumped out of a filled ventricle as a result a heartbeat2. This indicator is computed
only in the Endocardium (endo) as:
EF =
EDVendo − ESVendo
EDVendo
(3-7)
• Ventricular mass (VM)
Ventricular mass indicates the amount of myocardial and other tissue which make up
the wall of the RV. It is estimated by multiplying the difference between the EDV of
the Epicardium and the EDV of the Endocardium by the myocardial density assumed
as 1.05 g/cm3 as specified by [6]). Mass is reported in grams (g).
1http://www.litislab.eu/rvsc/rv-segmentation-challenge-in-cardiac-mri/data
2http://www.barnesjewish.org/heart-vascular/ejection-fraction-ef-measurement
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Abstract. This paper presents a novel method that follows the right
ventricle (RV) shape during a whole cardiac cycle in magnetic resonance
sequences (MRC). The proposed approach obtains an initial coarse seg-
mentation by a bidirectional per pixel motion descriptor. Then a reﬁned
segmentation is obtained by fusing the previous segmentation with geo-
metrical observations at each frame. A main advantage of the proposed
approach is a robust MRI heart characterization without any prior infor-
mation. The proposed approach achieves a Dice Score of 0.62 evaluated
over 32 patients.
Keywords: Right Ventricle Segmentation, Cardiac MRI Cine, Local
Motion Models, Structural Information.
1 Introduction
Cardiovascular diseases (CVDs) are world wide one of the principal causes of
death and disability [1]. An accurate quantiﬁcation of the right ventricular struc-
ture and function has become important to support the diagnosis, prognosis and
evaluation of several cardiac diseases and also to complement the typical analysis
of the left ventricular function [2,3]. Currently, most common methods, for assess-
ing the heart, are based on quantiﬁcation and characterization of patterns during
a Cardiac Magnetic Resonance Imaging (CMRI) [4]. Such methods are widely
used to analyze, diagnose and even prognose certain heart diseases. Among the
evaluated heart variables, the most common are the ventricular chamber sizes,
volumes and masses at each cardiac phase, ventricular function and correlation
ﬂow [5]. A proper RV analysis demands an accurate 3D temporal segmentation,
speciﬁcally endocardial and epicardial contours. Typically such task is carried
out by expert cardiologists who perform manual delineations that may take
18.9 ± 4 min [6] per case, introducing high inter-and-intra observer variabil-
ity [3,7]. Therefore, automatic segmentation methods are appealing to obtain
more accurate RV temporal-segmentation. Nevertheless, several challenges arise
because of the complex RV geometry shape and high non-linear heart motion
J. Ruiz-ShulcloperandG. Sanniti di Baja (Eds.): CIARP 2013, Part II, LNCS 8259, pp. 206–213, 2013.
c© Springer-Verlag Berlin Heidelberg 2013
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during diastole and systole transition. In addition, RV fuzzy edges and random
acquisition noise make more challenging the RV segmentation [6].
Several state-of-the-art methods have been proposed for automatic RV seg-
mentation, most of them based on the use of strong structural and appearance
priors that adjust the shape w.r.t a set of samples. In this sense, these methods
use mainly statistical shape models, multi-atlas strategies and deformable appro-
ximations [6]. These strategies are strongly dependent on how data is learned
to build up the prior. However, accurate quantiﬁcation of certain variables like
the ejection fraction depends on the shape changes, particularly important in
pathological cases. In addition, such approaches pay a high price when mapping
the prior to the MR since the metrics is usually noisy because of the dependency
of intensity variations or the pixel spatial distribution to represent the heart,
facts that may lead to inconsistent segmentations [6].
On the other hand, methods with no prior are based on appearance and tem-
poral MRI information. Cocosco et al. [8] describe the segmentation of both the
left ventricle (LV) and right ventricle (RV), by a simple temporal RoI estimation
of major motions and then a voxel classiﬁcation is performed between RV and
LV using morphological operations. However, the simplicity of the temporal des-
criptor, a simple subtraction between consecutive frames, turns out to be very
noisy. In addition, Wang et al. [9] capture information that is shared during the
sequence and merge it with a spatial within-frame descriptor, based on a cla-
ssical isodata algorithm. Nonetheless, RV segmentation may easily overﬂow the
actual borders.
The main contribution of this work is a fully automatic method that uses no
prior at all and delineates the RV endocardium contour in 4D MR sequences.
The strategy uses both a heart motion descriptor and an estimation of RV shape
for each frame of the sequence. Firstly a robust per pixel motion model is in-
troduced to highlight the edges with major changes along the sequence, under
the hypothesis that heart is the organ with larger motion. Afterwards, a con-
ventional isodata strategy estimates the heart shape which is superimposed to
the edges computed from the motion estimation. The ﬁnal delineation is set to
the intersection between those edges and estimated heart shape. The following
section describes the proposed segmentation approach. In section 3, the evalua-
tion and results. Finally in section 4 is presented the discussion on the results
obtained and some conclusions.
2 Methodology
The strategy herein proposed is capable of capturing the temporal RV contours
from a spatio-temporal MRI characterization. As widely acknowledged, heart
motion is the main biomarker in cardiology, allowing by itself an appropriate
assessment of cardiac function [10]. Hence, the approach starts by coding tem-
poral MRI information with a bidirectional per-pixel motion descriptor [11]. A
coarse heart segmentation is initially obtained from that estimated cardiac mo-
tion. This segmentation is corrected using geometrical observations from the
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Fig. 1. The proposed method. A motion descriptor is computed for the whole MRI
cardiac cycle, which is then adjusted to the edged and spatial estimation found at each
frame in the estimated shape.
estimated shape. The pipeline of the proposed approach is illustrated in Figure
1 and described in the following subsections.
2.1 Motion Estimation
The heart is the organ whose vital function amounts to a constant motion. The
proposed strategy starts by estimating the cardiac movement with a bidirectional
local motion descriptor. For doing so, a temporal median sets the elements with
less motion during the sequence by recursively updating the frame median, as
follows Mt(x) = Mt−1(x) + sgn (It(x)−Mt−1(x)), where Mt(x) represent the
median and It(x) the frame at time t for each pixel x. Using such recursive
median, a likelihood measure Δt sets those pixels in movement at each instant t
as Δt = |Mt(x)−It(x)|. This last term is in due turn regularized by a cumulated
variance of the motion history, as: Vt(x) = Vt−1(x)+ sgn(N ×Δt(x)−Vt−1(x)).
This descriptor is highly noise robust and computes the per-pixel temporal varia-
tion that allows to classify the RV. Speciﬁcally, At the End of the Diastole, when
the heart is maximally expanded, pixel candidates should meet two conditions:
the pixel motion is larger than an accumulated temporal variance under the
restriction that the movement must span an important percentage of the cardiac
cycle. Such relationship is represented by a simple thresholding as
B̂St
(D)
(x) = Δt(x) ≥ Vt(x). In contrast, at the Systole, the heart contraction is
maximum and the motion is practically null so that this phase constructs a very
steady history of the cardiac ﬂow. After the semilunar valves open, blood ﬂows
out the ventricle with an important change that is very likely detected by the
motion estimation algorithm. The heart edges are thus calculated from pixels
with major motion by comparing the likelihood measure with a learned scalar
parameter τ as: B̂St
(S)
(x) = Δt(x) ≥ τ .
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Classically, local motion descriptors [11] are usually unidirectional recursive
algorithms, but in this case the ﬁrst iteration yielded a very blurry estimation
of the heart contour at the End-of-Diastole. As the recursive accuracy depends
on the captured motion history, the descriptor is herein bidirectionally run, i.e.,
forward and backward as BSt(x)
(D,S) = αB̂St
(D,S)
(x) + (1−α)B̂SN−t
(D,S)
(x),
where α is an important parameter deﬁned as
t
N
and N is the number of frames.
Once motion has been thresholded, morphological operators groups up pixels
associated with movement [11].
2.2 Shape Feature Extraction by Characterizing Edge and Pixel
Distributions
The previous motion estimation produces a coarse shape segmentation and serves
also to deﬁne a Region of Interest (RoI). The aim of this second phase is to
construct another complementary shape approximation, using exclusively spa-
tial observations. A ﬁrst approximation to such heart shape consisted in ﬁnding
a RoI that consistently surrounded the heart, as the spatial region with larger
temporal motion at each time step. Within such RoI, heart ventricles are esti-
mated from two complementary measurements: a global shape clustering and an
edge extraction.
Firstly a global shape description of the ventricles was herein obtained by a
classical isodata algorithm [12] that is used to separate the intensities correspon-
ding to the myocardium and the cardiac chambers. The cardiac wall or myocar-
dial tissue is segmented and therefore the right and left heart chambers serve as
a reference frame of the right and left ventricles.
On the other hand, ventricle edges are estimated from the MRI RoI by using
a conventional Canny ﬁlter [13]. In the apical slices however, while the LV is
still diﬀerentiable, RV edges are very blurred (as shows Figure 2). Overall, edges
in apical slices are considered as part of the LV. Estimations of RV edges are
performed from the previous motion estimation provided that such edge is not
already part of the previously deﬁned LV edges.
2.3 Fusing Temporal and Spatial Information: RV Shape
Refinement
During certain phases of the cardiac cycle, some boundaries of the heart were
not properly segmented. Two fusion strategies were herein implemented to cope
with such issue: 1) a ﬁrst approach fused the spatial information obtained from
the temporal information with the edge estimation and the isodata algorithm
2) a second strategy fused the temporal and isodata informations, but using
exclusively the left ventricle isodata information. This second approach was par-
ticularly useful to segment the right ventricle at the apex level. For the ﬁrst
fusion strategy, the two edge representations are fused by simply summing and
normalizing. The ﬁnal shape is in this case outlined by intersecting both the RV
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Fig. 2. The variability of the RV shape, from basal (top row) to apical (bottom row),
and from left to right for the whole cardiac cycle, being the ﬁrst column the End-of-
Diastole and the mid column the End-of-Systole
shape estimated from the isodata information and edges. For the second stra-
tegy, it was applied a simple diﬀerence between the temporal heart segmentation
and the spatial LV segmentation obtained by the isodata algorithm so that the
remaining pixels then correspond to the RV. Finally, isolated pixels are always
removed by simple opening and closing operators.
2.4 Data
The evaluation of the proposed approach was performed over a public Cardiac
MRI dataset [3,14] with 32 patients split into two subsets: training and test
data set, which are speciﬁed by the authors of the dataset. For evaluation, the
obtained segmentation was submitted to the RVSC [15] which sends back the
results. Training data consisted in a set of 16 cardiac MRI, half split into men
and women, with an average age of 51 ± 12 years. For test data was split into
3 women and 13 men cases, respectively, with and average age of 48± 18 years.
The recorded patients were diagnosed with several cardiac pathologies like myo-
carditis, ischaemic cardiomyopathy, arrhythmogenic right ventricular dysplasia
(ARVD), dilated cardiomyopathy, hypertrophic cardiomyopathy, Aortic steno-
sis, cardiac tumour, left ventricular and ejection fraction assessment. Each MR
sequence was captured in the short-axis with 1.5 Tesla, in a plane resolution
of 1.3 mm and a between-slice distance of 8.4 mm. The epicardium and endo-
cardium of 32 MR sequences were manually delineated by an expert cardiologist.
Trabeculae and papillary muscles were included in the RV cavity.
3 Evaluation and Results
Figure 3 illustrates the good performance of the method in cardiac MRI se-
quences. The green contour corresponds to the result obtained by the presented
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Fig. 3. Example of RV segmentations with several cases, including the End-of-Diastole
(ﬁrts row) and End-of-Systole (second row). The ground truth is the red line and the
green line is the automatic segmentation. As expected, better results were observed at
the basal slices (ﬁrst column).
method, while the ground truth is drawn in red. As expected, failures are mainly
present in apical images because of the fuzzy borders and small RV area.
Quantitative technical evaluation was performed using the most classical me-
trics described in the literature: Dice Score (DSC) measure[16] and Hausdorﬀ dis-
tance (HD)[17]. An overlap DSC measure is deﬁned as: DSC(A,B) =
2(A ∩B)
A+B
,
whereA andB represent the obtained area and the expert ground truth, respecti-
vely. On the other hand, the Hausdorﬀ measureH(A,B) computes the maximum
distance between two sets of points as max(H(A,B), H(B,A)) and
H(A,B) = max
a∈A
min
b∈B
‖a− b‖22. In this case, each set of points represents the or-
gan surface. This measure allows to indirectly assess the compactness of the
segmentation. A clinical performance was also assessed as the ejection fraction
(EF).
Table 1. Performance of the proposed approach for training data using Dice Score
(DSC) and Hausdorﬀ distance (HD) over the Endocardium contour
DSC HD (in mm)
mean (std) mean (std)
End-of-Diastole (ED) 0.66 (0.22) 20.66 (13.00)
End-of-Systole (ES) 0.54 (0.26) 27.72 (23.45)
Quantitative results were only evaluated at End-of-Diastole (ED) and End-
of-Systole (ES) since these two states are the most important to clinical quan-
tiﬁcation [18]. As baseline it was taken the work proposed by Wan et. al [9],
which until now represents the best strategy to segment the RV without prior.
Table 1 summarizes the obtained performance for training data sequences in ED
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and ES times. The proposed approach clearly outperforms the baseline method
in terms of overlapping and compactness in both cardiac states. As expected a
much better segmentation is obtained at the ED because the MRI frame quality
allows a better quantiﬁcation. Although, at the ES many times the poor MRI
contrast leads to a quite fuzzy RV edges, the proposed approach outperforms
the state-of-the-art approach. Table 2 summarizes the performance obtained by
our approach over the test data. Although the obtained score errors are slightly
larger for the RV segmentations, the proposed approach properly captures the
shape variability and is easily adapted to new RV shapes since it only depends
on the particular MRI observations.
Table 2. Performance of the our RV segmentation method for the Test data set using
Dice Score (DM) and Hausdorﬀ distance (HD) over the Endocardium contour
Our approach Baseline
DSC HD (in mm) DSC HD (in mm)
mean (std) mean (std) mean (std) mean (std)
ED 0.72 (0.29) 16.17 (16.48) 0.63 (0.32) 22.89 (25.01)
ES 0.51 (0.31) 27.47 (27.96) 0.50 (0.34) 27.99 (24.97)
Finally, it was calculated the mean error for the ejection fraction, deﬁned as
error =
∑N
p=1 EFpauto − EFpmanual, where an error of 0.36 was obtained over
the whole data set (32 patients). Although the error index shows an acceptable
performance, some important noise sources, such as the inter-and-intra high
variability of RV shape, the fuzzy edges and the complex heart motion, are not
properly captured by our method. Nevertheless, the approach herein presented
shows appropiate RV segmentations using an strategy based principally in tem-
poral characterization. This approach outperform state-of-the-art methods that
use only appearance and temporal observations for each sequence [8,9].
4 Conclusions
In this paper it was introduced a new strategy to segment the right ventricle in
MR sequences. The proposed mixed approach uses spatio-temporal observations
and produces reliable RV segmentations. A great advantage of the proposed
approach is its independency of any prior heart shape, facilitating the capture
of dynamic and shape heart variability, which could be associated to speciﬁc
cardiac pathology. In future work, the method could extend to 3D processing
and further validation with a larger data set will be performed.
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A novel right ventricle segmentation strategy using local
spatio-temporal MRI information with a prior regularizer
term
Ange´lica Atehortu´a a, Fabio Mart´ınez a, Eduardo Romeroa
a CIM@LAB, Universidad Nacional de Colombia
ABSTRACT
In this work is presented a novel strategy that tracks the right ventricle (RV) shape during a whole cardiac cycle
in magnetic resonance sequences (MRC). The proposed approach obtains a set of spatio-temporal observations
from a bidirectional per pixel motion descriptor which are fused in each time with learned edges prior. A
main advantage of the proposed approach is a robust MRI heart characterization that is regularized by a prior
information, obtaining in each cardiac state coherent results. The proposed approach achieves a Dice Score of
0.64 evaluated over 16 patients.
Keywords: Right ventricle segmentation, cardiac MRI cine, local motion models, structural information, prior
1. INTRODUCTION
Cardiovascular diseases (CVDs) are one of the principal causes of death and disability worldwide.1 An accurate
quantification of the right ventricular structure and function has become important to support the diagnosis,
prognosis and evaluation of several cardiac diseases and also to complement the typical analysis of the left
ventricular function.2,3 Currently, most common heart assessing methods are based on quantification and charac-
terization of patterns in Cardiac Magnetic Resonance Imaging (CMRI).4 Such methods are widely used to
analyze, diagnose and even prognose certain heart diseases. Among the evaluated heart variables, the most
common are the ventricular chamber sizes, volumes and masses at each cardiac phase, ventricular function
and flow correlation.5,6 A proper RV analysis demands an accurate 3D temporal segmentation, specifically
endocardial and epicardial contours. Typically such task is carried out by expert cardiologists who perform
manual delineations that may take 18.9±4min7 per case, introducing high inter-and-intra observer variability.3,8
Therefore, automatic segmentation methods are appealing to obtain more accurate RV temporal-segmentation.
Nevertheless, several challenges arise because of the complex RV geometry shape and high non-linear heart
motion during the transition between diastole and systole. In addition, RV fuzzy edges and the acquisition of
random noise make more challenging the RV segmentation.6,7
Several state of the art methods have been proposed for automatic RV segmentation, most of them based
on the use of strong structural and appearance priors that adjust the shape w.r.t a set of samples. These
methods use mainly statistical shape models, multi-atlas strategies and deformable approximations.7,9 Active
Shape/Appearance Models (ASM/AAM) allows to perform a good RV tracking, however solutions may easily
be trapped in local minima, while there exists a high risk of overfitting due to the high dimensions.7 In addition,
these approaches often require a good initialization since it can not be guaranteed that different initializations
converge to the same solution.10 Atlas-based approaches search a global template to be associated to the new
cardiac MRI. One problem with the multi-atlas approach is caused by the high RV shape variation from basal
to apical slices, which can affect the accuracy of the label fusion process. The image information can be used
for registering and fusing, when registrations are performed in 3D, since the remaining slice information is
insufficient.7 In general, state of the art approaches discard motion information, which in many cases results
determinant to identify the RV chambers.
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Shape Feature Extraction by Characterizing
Edge and Pixel Distributions
Prior Shape Information as Regularization Term
Rol Definition
Motion
Estimation
Fusing Temporal and Spatial
Information: RV Shape Refinement
I
The main contribution of this work is a fully automatic method that delineates the RV endocardium contour
in 4D MRI sequences using spatio-temporal observation regularized by an structural prior. The strategy initially
uses both a heart motion descriptor and an estimation of RV shape for each frame of the sequence. Then, the
complemented RV observations are regularized using a morphological restriction learned from a data training.
Firstly, a robust motion model per pixel is introduced to highlight the edges with major changes along the
sequence, under the hypothesis that the heart is the organ with larger motion. Afterwards, a conventional isodata
strategy estimates the heart shape which is superimposed to the edges computed from the motion estimation.
The estimated delineation is set to the intersection between those edges and the estimated heart shape. The
obtained RV estimations are further refined with a structural edge prior. The following section describes the
proposed segmentation approach. In section 3, the evaluation and results. Finally in section 4 is presented the
discussion on the results obtained and some conclusions.
2. METHODOLOGY
The strategy herein proposed is capable of capturing the temporal RV contours from a spatio-temporal MRI
characterization. As widely acknowledged, heart motion is the main biomarker in cardiology, allowing by itself an
appropriate assessment of cardiac function.11 Hence, the approach starts by coding temporal MRI information
with a bidirectional per-pixel motion descriptor.12 A coarse heart segmentation is initially obtained from that
estimated cardiac motion. This segmentation is fused with geometrical observations from the estimated shape.
The obtained segmentation is then corrected using a prior regularizer term. The pipeline of the proposed
approach is illustrated in Figure 1 and described in the following subsections.
Figure 1. The proposed method. A motion descriptor is computed for the whole MRI cardiac cycle to obtain a coarse
segmentation, which is adjusted to the geometrical features found at each frame and this estimated shape is then corrected
by a prior regularizer term.
2.1 Motion Estimation
The heart is a moving organ whose vital function can be assessment though of several indicators. For instance, the
ejection fraction (EF) is calculated by ventricular volume estimation in two cardiac states: End-of-Diastole (ED)
and End-of-Systole (ES). The proposed strategy starts by calculating the cardiac motion with a bidirectional
local motion descriptor. This descriptor computes initially the pixels with less motion during the MRI sequence
at the cardiac cycle by recursively updating the frame median: Mt(x) = Mt−1(x)+sgn (It(x)−Mt−1(x)), where
Mt(x) represent the median from the frame It(x) at time t for each pixel x. A likelihood measure ∆t is computed
to obtain those pixels in movement at each frame t, as follow ∆t = |Mt(x)−It(x)|. This descriptor is highly noise
robust and computes the per-pixel temporal variation that allows to obtain the RV contour. The likelihood is
then regularized in ED and ES states. In the first state, when the heart is maximally expanded, pixel candidates
should meet that the pixel motion is larger than an accumulated temporal variance under the restriction that the
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movement must span an important percentage of the cardiac cycle. So it, the likelihood measure is thresholded
by a accumulated variance of the motion history, Vt(x) = Vt−1(x) + sgn(N × ∆t(x) − Vt−1(x)). In contrast,
at the ES, the heart contraction is maximum and the motion is practically null so that this phase constructs a
very steady history of the cardiac flow. The heart edges are thus calculated from pixels with major motion by
comparing the likelihood measure with a learned scalar parameter τ as B̂St(x) = ∆t(x) ≥ τ(x).
The first iteration yielded a very blurry estimation of the heart contour at the ED. As the recursive accuracy
depends on the captured motion history, the descriptor, in contrast with the classical local motion descriptor,12
is herein bidirectionally run, i.e., forward BSFt(x) =
t
N
B̂St(x) and backward BSBt(x) =
(
1− t
N
)
B̂St(x),
as BSt(x) = BSFt(x) + BSBt(x), where N is the number of frames. Once motion has been thresholded,
morphological operators groups up pixels associated with movement.
2.2 Shape Feature Extraction by characterizing edge and pixel distributions
A Region of Interest (RoI) that consistently surrounded the heart is defined with the coarse shape segmentation
in the previous motion estimation at each time step. A complementary shape approximation is then calculated
in this step using only spatial observations. Then heart ventricles are estimated from two complementary
observations: a global shape recognition and an edge extraction. The first observation split the intensities
corresponding to the myocardium and the cardiac chambers. This process was herein obtained by a classical
isodata algorithm.13 The cardiac wall or myocardial tissue is segmented and therefore the right and left heart
chambers serve as a reference frame of the right and left ventricles.
Secondly, ventricle edges were estimated from the RoI by using a conventional Canny filter.14 In the apical
slices however, while the LV is still differentiable, RV edges are very blurred (as shows Figure 2). Overall, edges
in apical slices are considered as part of the LV. Estimations of RV edges are performed from the previous motion
estimation provided that such edge is not already part of the previously defined LV edges.
Finally, a estimated RV observations were calculated by fusing the temporal and spatial RV estimations
obtained. The fusion step is carried out in two stages: setting the heart boundaries and drawing the RV shape.
By simply summing and normalizing the two edge representations, heart edges are set out to proper locations.
In a second step, the estimated shape is outlined by intersecting both the shape obtained and edges.
2.3 Prior shape information: a regularization term
Often, appearance and motion of the heart and surrounding tissue is close similar, leading to overflowed spatio-
temporal observations. In such cases, the well knowledge RV morphology may be learned from a set of samples
to correct the segmentation. In this work, the prior was built using a training data set of N expert delineations
associated to real MRI cases. For doing so, the N samples are firstly rigidly registered using a classical ”block
matching” method.15 Then, the most similar MRI sample is propagated by a non rigid registration to the
heart MRI test.15 The selection of the most likely MRI case is performed using a classical Normalized Mutual
Information. Such selected segmentation is taken as structural prior information to be used as regularization to
the observation previously computed. Such regularization is performed by firstly representing in a polar space
the prior selected shape and the observed shape. Then a classical euclidean per point metric allows to define the
coherence of each observed point, i.e., if a point is far way of the prior, such point probably is noise and should
be smoothed w.r.t the prior corresponding point. The contour reconstructed from this process may contain
undesirable noise.
2.3.1 Data
The evaluation of the proposed approach was performed over a public Cardiac MRI dataset3 with a total of 32
patients. Such dataset was split into the same number of patients for test and training data set. For evaluation,
the obtained segmentation from test data set was compared with the expert delineation. Training data is
half split into men and women, with an average age of 51 ± 12 years. For Test data was split into 3 women
and 13 men cases, respectively, with and average age of 48 ± 18 years. The recorded patients were diagnosed
with several cardiac pathologies like myocarditis, ischaemic cardiomyopathy, arrhythmogenic right ventricular
dysplasia (ARVD), dilated cardiomyopathy, hypertrophic cardiomyopathy, Aortic stenosis, cardiac tumour, left
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Figure 2. The variability of the RV shape, from basal (top row) to apical (bottom row), and from left to right for the
whole cardiac cycle, being the first column the ED and the mid column the ES.
ventricular and ejection fraction assessment. Each MR sequence was captured in the short-axis with 1.5 Tesla,
in a plane resolution of 1.3 mm and a between-slice distance of 8.4 mm. The epicardium and endocardium of
32 MR sequences were manually delineated by an expert cardiologist. Trabeculae and papillary muscles were
included in the RV cavity.
3. EVALUATION AND RESULTS
Figure 3 illustrates the appropriate performance of the method in cardiac MRI sequences. The green contour
corresponds to the result obtained by the presented method, while the ground truth is drawn in red. As expected,
failures are mainly present in apical images because of the fuzzy borders and the small area of RV. Also, the high
variance in such zones is very challenge to capture for the learned prior. Prior contribution is illustrated in the
last row of Figure 3, where more coherent segmentations are obtained w.r.t the approach with only observations.
In this row, the yellow contour corresponds to edges computed from only spatio-temporal observations, while
blue contour is the delineation obtained with the prior.
Evaluation was performed using classical metrics described in the literature: Dice Score (DSC) measure
and Hausdorff distance (HD). An overlap DSC measure is defined as: DSC(A,B) =
2(A ∩B)
A+B
, where A and
B represent the obtained RV area and the expert delineation, respectively. On the other hand, the Hausdorff
measure H(A,B) computes the maximum distance between two sets of points as max(H(A,B), H(B,A)) and
H(A,B) = max
a∈A
min
b∈B
‖a− b‖22. In this case, each set of points represents the organ surface. This measure allows
to indirectly assess the compactness of the segmentation. A clinical performance was also assessed as the ejection
fraction (EF).
Quantitative results were evaluated at ED and ES since these two states are the most important to clinical
quantification.6 Table 1 summarizes the obtained performance for test data sequences in ED and ES times.
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Figure 3. Example of RV segmentations with several cases, including the ED (firts row) and ES (second row). The ground
truth is the red line and the green line is the automatic segmentation. As expected, better results were observed at
the basal slices (first column) and also using the refinement by the prior at the ES, drawn in blue, over the delineation
computed from only spatio-temporal observations represented by the yellow contour (third row).
Segmentation obtained for ED is much better because the MRI quality and the lower shape variance in this
state. Although, at the ES many times the poor MRI contrast leads to a quite fuzzy RV edges, the proposed
approach obtained an estimated shape where the rough segmentation failure and the rough segmentation is
corrected to obtained a delineation refined. Although the obtained score errors are slightly larger for the RV
segmentations, the proposed approach properly captures the shape variability.
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Table 1. Performance of the our RV segmentation method for the Test data set using Dice Score (DM) and Hausdorff
distance (HD) over the Endocardium contour.
DM HD (mm)
mean (std) mean (std)
End-of-Diastole (ED) 0.73 (0.22) 20.66 (13.00)
End-of-Systole (ES) 0.55 (0.29) 27.72 (23.45)
Finally, the ejection fraction (EFA) was computed with the proposed approach and compared with the ground
truth EFB . The EF error is defined as err =
|EFA − EFB |
EFA
, whose value obtained is 0.24 (0.79). Although the
error may be considered as minimum, the large variance can be attributed to the natural RV variability.
Preliminary results of the proposed approach has shown acceptable RV segmentations at the End-of-Diastole
and End-of-Systole, using a temporal heart characterization which is regularized by a simple edge prior. This
approach outperforms several works that use exclusively motion estimation.16,17
4. CONCLUSIONS
In this paper it was introduced a new strategy to segment the right ventricle in MR sequences. The proposed
uses spatio-temporal observations and prior structural information. The introduction of a prior edge allows to
produce reliable RV segmentations, since morphology coherence is preserved. An additional advantage of the
proposed approach is the capture of the motion and shape information which could be used as well to identify
cardiac pathologies. In future work, further validation with a larger data set will be performed.
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Registration of Cardiac Magnetic Resonance Images Using
SURF Points and Matching
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ABSTRACT
Reconstruction of the heartbeat is an useful tool to detect and diagnose some pathologies. However, this process
represents a challenge because the heart is a moving organ inside a moving body, so that, either similar regions
are hard to identify or some regions appear and disappear constantly. This article presents a reconstruction
method of the right ventricle using SURF points in irregular regions. The SURF points, invariant to image scale
and rotation, provide robust features of a right ventricle slice that can then be traced to the other slices. By
using such points and then, using a nonrigid registration, it possible to perform a volumetrical reconstruction of
these images.
Keywords: SURF points, matching, Hessian matrix, filtering, mr cardiac images, nonrigid registration.
1. INTRODUCTION
Identification of pathologies in patients with heart abnormalities is a challenging task since this structure is con-
stantly moving inside a moving body. Moreover, the heart exhibits much fewer accurate anatomical landmarks.10
In a clinical context, physicians often mentally integrate image information from different modalities to provide
a diagnosis, what is sometimes quite difficult due to lack of more accurate data.4 Matching and automatic
registration, might offer better accuracy to analyze image features and to save time.10
Image matching and registration, have been performed by using features detectors. In 2004, David Lowe5
proposed the use of Scale Invariant Feature Transform (SIFT) to find regions in the image that are invariant
to rotation and scale. However, this approach has a high computational cost, especially when working with
noisy images. Later, Lowe et al.6 developed the Principal Component Analysis of SIFT (PCA-SIFT), that
normalizes the gradient of the SIFT points. Despite this method reduced the computational cost, long response
times remained. So that, Bay et al.3 proposed the use of Speeded-Up Robust Feature (SURF) points that
use a vector formed with Hessian matrix elements, which contains more information than the jacobian matrix,
generated using the SIFT points.7 While the set of features provided by the SURF points is more accurate to
match images, these points are calculated using regular radius,3 which disregards the fact that the regions are
not equal. For this reason, this technique is difficult to apply to heart images, since these are volumetric cuts,
in which there are regions that appear and disappear.8
In this paper it is proposed the use of SURF points in irregular regions to make nonrigid registration in
magnetic resonance (mr) cardiac images. These SURF points encompass a larger area and enable a strong
correspondence between images in which there are regions that appear and disappear.9 Results suggests that
nonrigid register using in mr cardiac images with irregular SURF point provide us a better correspondence that
the nonrigid register using in natural way.
Further author information: (Send correspondence to E.R.)
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2. METHODOLOGY
2.1 Extraction of SURF points
The main feature of SURF interest points is the repeatability, i.e., if a point is considered reliable, then the
detector finds the same element, independent of the view point (scale, orientation, etc.).3 These points are
obtained calculating the determinant of the Hessian matrix, i.e., the determinant with entries of second partial
derivate, which is obtained based on the level of intensity of each region.4 In this way: Let x = (x, y) a point in
the image and I = (x, σ) an integral image with coordinates x and scale σ, then the form of the determinant of
the Hessian matrix is:
H(x, σ) =
∣∣∣∣Lxx(x, σ) Lxy(x, σ)Lxy(x, σ) Lyy(x, σ)
∣∣∣∣ = (LxxI ∗ LyyI)− L2xy. (1)
Where Lxx(x, σ) is the convolution of the Gaussian second order derivate
∂2
∂x2 g(σ) with the image I in a point
x, and similarity for the other two elements in the matrix: Lxy(x, σ) and Lyy(x, σ)
3 ∗.
This Hessian matrix is used because if offers a good balance between accuracy and computational cost, in
contrast to the Jacobian matrix used in the SIFT points.4 This determinant contents all features of the SURF
points,3 which are detected in all irregular regions. For doing that, the Hessian matrix is calculated in each
detected region with different size. If the value of the determinant of adjacent regions is the same, then, those
regions are joined and the SURF points of this irregular region are calculated.
2.2 Matching and Registration
Template matching is considered as one of the basic approaches that can be find some regions of interest.8 In
this technique, the position of a given pattern is located by a pixel-wise comparison of the source image with a
given template, which contains the desired pattern. The idea is to use the SURF points to fuse the information
of each image into a single one, i.e., to generate the registration and matching. To do this, it is necessary to
define a measure that allow compare the distance between SURF points in each image. The measure considered
in this case is the Euclidean measure and it is defined by:
dE(x1,x2) =
√
(x2 − x1)2 + (y2 − y1)2 (2)
Where x1 = (x1, y1) and x2 = (x2, y2), x1,x2 ∈ <2. In the matching process, this part has meaning because
the dataset of images are taken in volumetric cuts. Finally, with this matching, is done the image registration
obtaining results in the volumetrical field.
3. RESULTS
3.1 Dataset
The proposed approach was evaluated using a public Cardiac MRI dataset, supplied by the organizers of the
right ventricle segmentation challenge in MICCAI’12.11 The dataset was acquired with a plane resolution of
1.3 mm and a distance between slices of 8.4 mm. Such dataset has been splitted in three groups, namely
training, test 1 and test 2. The experimental group was composed of patients with several cardiac pathologies,
namely myocarditis, ischaemic cardiomyopathy, arrhythmogenic right ventricular dysplasia (ARVD), dilated
cardiomyopathy, hypertrophic cardiomyopathy, aortic stenosis and cardiac tumour, as well as left ventricular
ejection fraction assessment. For each patient, ED and ES endocardium and epicardium contours have been
delineated by an expert cardiologist, for which trabeculae and papillary muscles were included in the right
ventricle (RV) cavity.
∗Lxy(x, σ) = Lyx(x, σ) due to Clairaut’s Theorem.
3.2 Experimentation
A set of grayscale right ventricle images were selected from the database. A median filter was used to reduce
the noise of such images and, then, SURF points were calculated in irregular regions by using features based on
pixel intensities. As a result, a set of 64-characteristic vector was obtained from which the most relevant SURF
points were extracted. The figures 2 and 4 illustrate the process:
Figure 1. First Input image. Figure 2. Irregular SURF points in a first RM image.
Figure 3. Second Input image. Figure 4. Irregular SURF points in a second RM image.
Once the SURF points were detected, a matching process between images was carried out. For doing that,
Euclidean measure was used to estimate the distance between SURF point pairs from the images. Figure 5 shows
the results of this process.
Figure 5. Template matching in the right ventricle of the heart.
From Figure 5, it can be seen that SURF points correspond to regions of interest of their image to complete
information of interest and necessary to do a nonrigid register.
3.3 Validation
Quantitative results from the application of irregular SURF points are obtained by using a nonrigid registration
of cmr images to segment the right ventricle (RV) at the End-of-Diastole (ED) and the End-of-Systole(ED).
For doing so, the volume at the ED and the ES are obtained from a series of deformations of an initial basal
segmentation from an expert, by non rigidly registering (NRR) consecutive slices, propagating thereby that initial
basal segmentation. Two consecutive slices are non rigidly registered by maximizing the mutual information
defined as: I(S, S + 1) =
∑
a,b p(a, b)log
p(a,b)
p(a)p(b) , where S and S + 1 are two consecutive slices and a ∈ S and
b ∈ S + 1. The degree of dependency between the slices is weighted by the joint intensity distribution. This
metric is adaptively computed under a stochastic gradient descent method that finds the transformation model,
defined as: Tˆ = argmax
T
f(S+1, S) . This metric has been widely used in many applications, because its relative
time efficiency and the robustness in terms of intensity variations. Then, the heart segmentation is propagated
without using irregular SURF points and by using irregular SURF points.
First, the resulting transformation model Tˆ is used to propagate the heart segmentation L(S) by B-spline
interpolating, defined as LS+1(x) ≡ LS(Tˆ (x)), x ∈ Ω, where x stands for each labelled pixel. And second, the
obtained irregular SURF points are used as regularizer points of the MRI register to delimit the RV shape. The
NRR was implemented in elastix software package.14
3.4 Results
Figure 6. Correspondence of template matching between images in the right ventricle of the heart.
Figure 6 shows the results of the matching process. It can be seen that the identified regions in each image are
similar and the matching has a good correspondence, allowing a good parameters to make a nonrigi registration.
Now, while this reconstruction has some issues applied to low-variation image volumes, it appears to be a suitable
solution for images with high variation, as is the case of the mr cardiac images. Table 1 and table 2 show that
the nonrigid register using irregular SURF points is a little more useful because it is considering a larger region.
Nonrigid register with irregular SURF points and a clasical nonrigid registration are compared below:
DICE SCORE for the Nonrigid register at the End-of-Diastole
Patient Slice Without Irregular SURF points With irregular SURF points
Slice 1 0.8838 0.9045
Slice 2 0.8340 0.8524
Slice 3 0.7597 0.8189
Slice 4 0.5099 0.7943
Slice 5 0.5183 0.4590
Slice 6 0.4183 0.5612
Table 1. DICE SCORE for the Nonrigid register at the End-of-Diastole
DICE SCORE for the Nonrigid register at the End-of-Systole
Patient Slice Without Irregular SURF points With irregular SURF points
Slice 1 0.8206 0.8267
Slice 2 0.8241 0.8063
Slice 3 0.4862 0.6493
Slice 4 0.3611 0.4374
Slice 5 0.1903 0.3765
Table 2. DICE SCORE for the Nonrigid register at the End-of-Systole
4. CONCLUSIONS AND FUTURE WORK
This paper has presented a method to register cardiac mr images. This approach uses SURF points in irregular
regions, which cover a larger area and enable a strong correspondence between images in which there are regions
that appear and disappear. The nonrigid registration with irregular SURF points as regularizer points can be
used to approximate better the heart volume at a specific time of the cardiac cycle. However, the detection of
the accurate irregular SURF points depends on the quality of the images, where these points can be set wrongly
in noisy environments.
Future work includes to perform the nonrigid registration with irregular SURF point in more patients to vali-
date the presented strategy and also to improve the detection of irregular SURF points to avoid the overlapping.
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Automatic Right Ventricle (RV) Segmentation
by Propagating a Basal Spatio-Temporal
Characterization
Ange´lica Atehortu´a, Fabio Mart´ınez, Eduardo Romero
Universidad Nacional de Colombia
Abstract. An accurate right ventricular (RV) function quantification
is important to support the evaluation, diagnosis and prognosis of se-
veral cardiac pathologies and to complement the left ventricular function
assessment. However, expert RV delineation is a time consuming task
with high inter-and-intra observer variability. In this paper we present
an automatic segmentation method of the RV in MR-cardiac sequences.
Unlike atlas or multi-atlas methods, this approach estimates the RV using
exclusively information from the sequence itself. For so doing, a spatio-
temporal analysis segments the heart at the basal slice, segmentation
that is then propagated to the apex by using a non-rigid-registration
strategy. The proposed approach achieves an average Dice Score of 0.78
evaluated with a set of 16 patients.
Keywords: Right ventricle segmentation, local motion model, struc-
tural information, non rigid registration
1 Introduction
An accurate assessment of the right ventricular function has become crucial for
improving diagnosis and prediction of several cardiovascular diseases as well as
for complementing the left ventricular evaluation [1]. Currently, this assessment
is carried out by the quantification of the right ventricular function during a
Cardiac Magnetic Resonance Imaging (CMRI) [1]. Such modality characterizes
both the right ventricle (RV) structure and function with a good spatial and tem-
poral resolution [2]. A suitable RV analysis depends on an accurate 3D temporal
Endocardium and Epicardium segmentations, usually performed by manual de-
lineation, a time-consuming and experience dependent task. Expert cardiologists
may take 18.9 ± 4 min delineating a case [3] while introducing high inter-and-
intra shape variability [4, 5]. Several semi-automatic and automatic approaches
have then been developed for RV segmentation [3, 6–13]. Evaluation of the car-
diac function is a very challenging task, dependent not only on the particular
cardiac motion but also on the RV anatomy, i.e., some portions of the ventri-
cle are really difficult to distinguish, particularly those slices near to the apex
which results in blurred edges, already fuzzy, become more blurred also on the
heart relations with its neigh going from basal to apical slices. In addition to the
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complex RV geometry, there exists a well documented variability dependent on
factors such as age, cardiac pathology or gender, among others.
Several strategies have been proposed to automatically segment the RV, most
of them based on some kind of prior information like the statistical shape mo-
dels, multi-atlas approaches and deformable strategies. Although these strategies
report a relatively accurate segmentation, these methods are computationally ex-
pensive and most of them require dedicated hardware, a very difficult issue in
a clinical environment. Likewise, the success of atlas or multi-atlas approaches
depends on a number of samples that counts for the large RV variability. For
instance, Zuluaga et. al [6] propose a multi-atlas strategy based on an exhaustive
non rigid registration of a set of templates to the new image, under a similarity
criterion of convergence. However, this method is limited by the variability of
the different shapes in the set of atlases and the high computational cost. Addi-
tionally, Bai et. al [7] proposed an atlas-based approach with a prior introduced
as a probabilistic fusion of previously segmented hearts that is used to reg-
ularize the rigid non registration of any heart in the database. The obtained
model is of course dependent of the type of organs stored in the database. Gros-
george et. al [9] propose a semi-automatic approach that uses a statistical PCA
shape model to select the best representative of the database. The obtained de-
lineations are then used to generate the best segmentation by using a graph cut
method. Besides, semi-automatic methods introduce intrinsic expert variability,
for instance, Maier et. al [10] proposes a method based on the propagation of an
initial segmentation at the ED to the ES using a region-merging graph cut that
is sequentially eroded.
In contrast, Wang et. al [11] have segmented the target using an isodata
algorithm. This region-based segmentation is complemented with a basic mo-
tion estimation by intersecting consecutive frames. This basic motion estima-
tion nevertheless fails at the apex regions. Ringenberg et. al [12] proposed an
appearance-based segmentation as a difference of gaussians combined with a
window-constrained accumulator thresholding technique. In this work, a large
number of parameters must be tuned and is also affected in the presence of
variable pathologies like fallot tetralogy, where the RV shape significatively
changes. The method by Mahapatra et. al [13] extracts semantic information
from a trained Random Forest classifier, which is also dependent on the training
dataset.
The main contribution of this work is a fully automatic method that seg-
ments the RV from a spatio-temporal characterization. Unlike typical statistical
and atlas (multi-atlases) approaches, the proposed method need not any prior
knowledge. For so doing, the most basal heart slice is firstly segmented from
a spatio temporal descriptor that tracks those objects with more motion. Such
segmentation is propagated, slice by slice, towards the apex by using a conven-
tional non rigid registration, a process that is independently performed for the
End of the Diastole and Systole. The rest of this paper is organized as follows:
section 2 describes the proposed segmentation approach. Section 3 presents the
experimental results and Section 4 concludes the paper.
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2 Method
The proposed method estimates the RV contour by a per-pixel temporal cha-
racterization of the basal slice, followed by a local propagation to the apex using
a classical non-rigid registration. The following subsections completely describe
the proposed approach.
2.1 Spatio-temporal Characterization of the basal heart
In cardiology, the heart motion is considered as the principal biomarker of the
cardiac function [14], specially at the basal region. Under such assumption, a
basal cardiac motion is estimated by a per-pixel motion descriptor, which is
fused with low level features such as edges and classical shape features to obtain
an accurate RV segmentation.
This motion descriptor starts by finding a set of motionless MRI pixels,
i.e., a relatively static background, defined as: Mt(x) = Mt−1(x) + sgn(It(x) −
Mt−1(x)), where Mt(x) represents the accumulated temporal average and It(x)
the frame at time t for each pixel x. A function ∆t(x) measures the instantaneous
motion between two consecutive frames as ∆t(x) = |Mt(x)− It(x)| and a coarse
ED basal segmentation is defined as the set of pixels for which ∆t(x) is close
to a cumulated variance Vt(x) = Vt−1(x) + sgn(N ∗∆t(x)− Vt−1(x)). Provided
that at the ES, the heart contraction is maximum and the motion variance is
minimal, a coarse ES basal segmentation is estimated by a simple comparison of
the instantaneous motion ∆t(x) with a learned scalar threshold τ . Such motion
descriptor is bidirectionally calculated [15], while isolated regions are clustered
and corrected by using classical morphological operators [15]. This segmentation
allows also to define a Region of Interest (RoI) that consistently surrounds the
heart (see Figure 1).
At this point, the motion segmentation is fused with basal edge information
obtained by filtering the original basal slice with a classical Canny filter [16].
The obtained edges, from the previous step, are then intersected with a third
basal slice segmentation computed from a conventional isodata algorithm [17].
Finally, isolated pixels are removed by simple opening and closing operators (see
Figure 2).
2.2 The whole ventricle segmentation
Near to the apex the cardiac motion is minimal and mainly passive so that any
motion estimation makes no sense. Provided that the blood flow is also small
in this region, segmentation is really difficult because of the complex geometry
and fuzzy edges [3]. However, there exists an intrinsic coherence between the
basal and apex shapes, i.e., the spatial change of the heart from basal to apex is
herein considered as smooth. Under this assumption, the apex is obtained from a
series of deformations of the initial basal segmentation by non rigidly registering
(NRR) consecutive slices, propagating thereby that initial basal segmentation.
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(a) Pat 7 ED (b) ∆t 7 ED (c) Vt 7 ED (d) MD 7 ED
(e) Pat 30 (f) ∆t 30 ED (g) Vt 30 ED (h) MD 30 ED
,
Fig. 1: Basal ED motion descriptor from two patients. Upper row illustrates
patient 7 and bottom row, patient 30. MD: Motion descriptor.
(a) Edges 7 (b) ME 7 (c) Iso 7 (d) Heart 7 (e) RV 7
(f) Edges 30 (g) ME 30 ED (h) Iso 30 (i) Heart 30 (j) RV 30
,
Fig. 2: Spatial-temporal information of the basal ED from two patients. Upper,
patient 7 and bottom row, patient 30. ME: Heart contour combined with the
motion descriptor; Iso: Heart shape from Isodata algorithm.
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Two consecutive slices are non rigidly registered by maximizing the mutual in-
formation defined as: I(S, S + 1) =
∑
a,b p(a, b)log
p(a,b)
p(a)p(b) , where S and S+1 are
two consecutive slices and a ∈ S and b ∈ S + 1. The degree of dependency be-
tween the slices is weighted by the joint intensity distribution. This metric is
adaptively computed under a stochastic gradient descent method [18] that finds
the transformation model, defined as: Tˆ = argmax
T
f(S + 1, S) . This metric has
been widely used in many applications, because its relative time efficiency and
the robustness in terms of intensity variations [19].
The resulting transformation model Tˆ is used to propagate the heart segmen-
tation L(S) by B-spline interpolating, defined as LS+1(x) ≡ LS(Tˆ (x)), x ∈ Ω,
where x stands for each labelled pixel. The NRR was implemented in elastix
software package [20]
2.3 Data
The proposed approach was evaluated on a public Cardiac MRI data set of 48 pa-
tients, supplied by the organizers of the right ventricle segmentation challenge in
MICCAI12 [5]. The data set was acquired from the short-axis with 1.5 Tesla, in a
plane resolution of 1.3 mm and a between-slice distance of 8.4 mm, with 20 heart
phases for each patient. Such data set have been split in three groups training,
test 1 and test 2. The experimental group was composed of patients with several
cardiac pathologies, namely myocarditis, ischaemic cardiomyopathy, arrhythmo-
genic right ventricular dysplasia (ARVD), dilated cardiomyopathy, hypertrophic
cardiomyopathy, aortic stenosis and cardiac tumour, as well as left ventricular
ejection fraction assessment. For each patient, ED and ES endocardium and
epicardium contours have been delineated by an expert cardiologist, for which
trabeculae and papillary muscles were included in the RV cavity.
3 Evaluation and results
The obtained RV segmentation at ED and ES were evaluated using the classical
Dice Score (DSC) measure [21] and the Hausdorff distance (HD) [22]. The DSC
defined as DSC(A,B) = 2(AB)A+B measures the overlapping between the obtained
segmentation (A) and the manual ground truth (B). On the other hand, the
HD establish the compactness of the obtained segmentation as HD(A,B) =
max
a∈A
min
b∈B
‖a− b‖22, where A is the evaluated volume segmentation and B the
ground truth.
Figure 3 illustrates the performance of the proposed method for different
slices at different axial locations. The segmentation obtained with the proposed
approach is drawn in blue, while the ground truth is in red. Segmentation at
Basal slices show a good RV correspondence with the expert, while the apical
segmentation shows some slight differences with the expert.
The RV segmentation at the basal slices achieves an average DSC of 0.94.
Table 1 shows quantitative results at the ED and ES. As expected, a more
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accurate segmentation was obtained at the ED. Nevertheless, the obtained HD
demonstrates a better segmentation, i.e., without outlier voxels labelled as RV
heart, a typical problem in atlas-based approaches.
In addition, quantitative parameters, the ED and ES Volumes (EDV and
ESV), were computed and compared with the ground truth using a regression
coefficient (R). Table 2. shows the clinical parameter R for sub set Test 1 and
compared to State of the Art approaches.
(a) ED Basal (b) ED Mid (c) ED Apical
(d) ES Basal (e) ES Mid (f) ES Apical
,
Fig. 3: Blue line represents the obtained delineation while the red line is the
ground truth at ED (top row) and ES (bottom row) from basal (left) to the
apical slice (right).
One main contribution of the proposed approach is a method with a very low
computational cost. In average, the RV segmentation takes 90 seconds using a
Matlab and elastix implementation, running in a computer with a RAM of 6.0
GB and a 2.4 GHz intel core i7 processor. This issue is crucial for this technology
to be implemented in real scenarios. In contrast, classical atlas based method-
ologies or statistical methods may take hours to obtain reliable segmentations, a
time that grows exponentially, depending on the number of cases in the atlas. On
the other hand, the RV volume evaluation, our method is very competitive. It
should be strengthen out that comparison was performed against a single expert
and we have not counted the inter-observed variability that has been reported
in other problems as about a 30 % [4, 5].
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Table 1: Performance of the our RV Endocardium segmentation method (OURS)
for the Test 1 data set using Dice Score (DM). End-of-Diastole (ED), End-of-
Systole (ES). WPC - spatio-temporal information [11]; RDD - binary DoG filter
[12]; MB - semantic information, graph cut [13]; ZCO - Multi-atlas approach [6];
BWP - semi-automatic Multi-atlas approach [8]; GPR - semi-automatic method
using graph cut [9] .
OURS
Baseline
WPC RDD MB ZCO BWP GPR
Mean (std) Mean (std) Mean (std) Mean (std) Mean (std) Mean (std) Mean (std)
ED 0.83 (0.15) 0.72 (0.29) 0.88 (0.11) 0.93 (0.06) 0.83 (0.17) 0.86 (0.11) 0.84 (0.01)
ES 0.73 (0.22) 0.51 (0.31) 0.77 (0.18) 0.85 (0.08) 0.72 (0.27) 0.69 (0.25) 0.69 (0.02)
Table 2: Clinical parameter (EDV: ED Volume; ESV: ES Volume; EF: Ejection
Fraction) results obtained on the Test1 for the ED and ES phases. R is the
correlation coefficient (ideal = 1)
OURSWPC ZCO RDD
EDV 0.99 0.87 0.96 0.98
ESV 0.98 0.80 0.97 0.95
EF 0.93 0.30 0.92 0.78
4 Conclusion
In this paper, a simple but efficient RV automatic segmentation, is proposed.
The method takes advantage of a cardiac spatio-temporal characterization. The
proposed method captures the shape variability without depending on the nature
of the cardiac pathology. The performance of this method will be improved in
the future by extending the motion descriptor to the segmentation of the apical
slices.
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5 Conclusions
In this thesis, a simple but efficient method of RV automatic segmentation to quantify RV
patterns is proposed. The method takes advantage of a cardiac spatio-temporal character-
ization. The proposed approach captures the shape variability without depending on the
nature of the cardiac pathology. On the other hand, the proposed approach is a method
with a very low computational cost. In average, the RV segmentation takes 70 seconds using
a Matlab implementation, running in a computer with a RAM of 6.0 GB and a 2.4 GHz
intel core i7 processor. This issue is crucial for this technology to be implemented in real
scenarios. In contrast, classical atlas based methodologies or statistical methods may take
hours to obtain reliable segmentations, a time that grows exponentially, depending on the
number of cases in the atlas. The performance of this method will be improved in the future
by extending the motion descriptor to the segmentation of the apical slices.
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